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How much do you agree with the use of genetic editing of cells in children or adults to cure a life threatening disease? This means the disease could still be passed on to their children. A thinking-aloud cognitive phase testing was undertaken in English speaking people to refine the questionnaire (Collins, 2003) . Ten participants were interviewed to assess their interpretation and understanding of the questions. Subsequently, changes were iteratively made to two of the application questions, and to the explanatory paragraph, with no additional changes required after the initial four interviews. The final English questionnaire was then translated into Arabic, Chinese, French, German, Hindi, Japanese, Portuguese, Russian, Spanish and Turkish. To ensure consistency across the questionnaires, a separate translator then back translated each language with changes made as appropriate. The questionnaires were then formatted and placed onto an online platform and completed by a third translator prior to dissemination. Readability analysis found that the English questionnaire had an overall Gunning Fog Score of 13.8 (Friedman and Hoffman-Goetz, 2006; Gunning, 1968) ; and all characters in the Chinese version are in the most commonly used form of modern simplified
Chinese.
In June 2015, the questionnaire was launched online http://humanediting.org. At this time we began advertising on social media through Facebook, Twitter and Google. A separate questionnaire was formatted for WeChat to enable dissemination in China, where Twitter, Facebook and Google promotions are restricted.
Data Preparation and Text Cleaning:
Survey responses were collated before being back-translated to English. Data preparation and analyses were performed in the R statistical environment (version 3.1.2) and Python (version 3.4.3). All data and scripts are available at https://github.com/hewittlab/Gene_Edit_Survey.
We used descriptive statistics to summarize demographic features of respondents. Given the likelihood of spurious responses, participants with extremes in reported age, below 10 above 90 years, were dropped (n=141).
We utilised multinomial logistic regression to analyse the relationship between each of the demographic variables and subject opinion responses. For dependent variables, we collapsed the Likert scale to a three-point scale ('disagree', 'neutral', 'agree') initially merging the 'neutral' and 'I don't know' response categories. In this way, the multinomial model allows subject opinion to be analysed as a series of binary comparisons ('agree' is the reference category): i.e. agree versus neutral and agree versus disagree. Additional analyses without merging 'neutral' and 'I don't know' were also performed.
For each participant in the survey, where possible, we retrieved geolocation data. IP addresses were queried using a function in R to return location data (country, region/state, longitude and latitude, etc.) from freegeoip.net, a freely available HTTP application-programming interface. Geolocate data were not available for 1,362 participants. Duplicate IP addresses were reviewed and there were a total of 10,564 unique sites. Countries 
Data Analyses: Logistic Regression
To determine the effect of the demographic variables on participant attitudes towards gene editing, a series of 11 hierarchical models were fitted to the raw data and the significance of each assessed. The full model consisted of ten demographic variables (sex, age, self-reported ethnicity, GDP per capita, prior knowledge of gene editing, education level, religion, wealth, healthcare worker and personal or family history of a genetic condition) with each nested sub-model dropping one variable (i.e. personal or family history of a genetic condition eliminated from the first sub-model, personal or family history of a genetic condition and health care worker eliminated from the second, etc.). Each of the nested sub-models was then compared to the preceding model by χ 2 tests.
Twice the difference between log-likelihood values of the nested and preceding models is asymptotically distributed as χ 2 with degrees of freedom (df) equal to the difference in parameters being estimated. The Akaike information criterion (AIC) was used to determine the best-fitting model by evaluating model parsimony (i.e., the best goodness-of-fit combined with the fewest latent variables). The model with the lowest AIC suggests the best fit. The variance inflation factor was calculated for the final regression model and did not show significant multicollinearity.
Multiple regression models used for determining reason for agreement in utility of human editing. 
Model Covariates Included

